ABSTRACT The Industrial Internet of Things (IIoT) achieves reliable operation of physical resources through real-time perceiving. In a smart factory, it provides a new way to share manufacturing resources as services or to use resource services of other enterprises. However, selecting a sequence of resource services, called the resource service chain (RSC), for a collaborative business process is difficult because the correlated resource services are usually selected independently by different organizations. The features of resource services, as an important intrinsic factor, should be used to identify all the candidate RSCs. To serve the purpose, the key feature sequences are extracted from an RSC to identify the bottleneck that have a great influence on the business process. This problem is called the key feature sequence of IIoT resource service chain (KFSR-IIoT). The proposed approach, composed of several algorithms, is called the Algorithms for KFSR-IIoT (AKFSR-IIoT). First, resource service modeling is introduced to obtain all the RSCs associated with a workflow. Next, the degree of influence (DI), which is the extent to which a feature of an upstream resource service influences a feature of a downstream one in an RSC, is analyzed and defined. After normalization, the average DI of any two adjoining features is calculated; thus, the key feature sequences are resolved. In the proposed algorithms, the average DIs have the characteristics of a high value, low variation, and long duration. Then, based on the DIs of key feature sequences, an algorithm is presented to measure the synthetic DI of an RSC. Finally, the AKFSR-IIoT is tested with a nearly practical data set, and the results show that it is very promising.
I. INTRODUCTION
The Industrial Internet of Things (IIoT) provides a new way for a wide range of manufacturing resources to optimize management and dynamic scheduling, using the state-of-theart industrial communication, computing, and control technologies [1] . The massive IIoT resources are monitored and controlled by IIoT devices such as programmable logic controllers (PLC), smart sensors, remote terminal units (RTU) and industrial switches [2] . In this way, the manufacturing resources are provided as services to enterprises to fulfill their collaborative tasks [3] - [4] .
In a collaborative task, IIoT resource services are partitioned by different enterprises [3] . For example, to fulfill an order for a product in manufacturing, the business process is participated by five enterprises (E1-E5), including a product design company, a part supplier, two manufacturing factories and a final assembly factory, as shown in Fig. 1 . Additionally, in this process, various manufacturing resources (R 1 -R 19 ) are required, including designers, product design schemes, hardware and machine manufacturing schemes, etc. It is more difficult to select IIoT resource services in the environment of IIoT than in a centralized one. This is because various dependencies between IIoT resource services must be considered when IIoT resource services are selected for a business process [4] . However, there are various dependency the IIoT resource services partitioned by different enterprises [5] . For example, if two IIoT resource services must be used together, there is a co-existence dependency between them, and if they are alternatives to each other, there is an alternative dependency between them. In environment of IIoT, it is more difficult and time-consuming to select downstream resource services depending on the upstream ones than it is in centralized business processes. For example, a manufacturing equipment must be readjusted with a change in the relevant product design schemes provided by the design company. The sequence of IIoT resource services, called RSC (Resource Service Chain) [4] , as shown in Fig.1 , should be orchestrated as a whole and selected efficiently.
To serve the purpose, most of the existing research focuses on the temporal composition of resource services [12] - [13] . QoS (Quality of Service) attributes are typically used to evaluate RSCs [4] , [12] . By calculating optimal solutions, the RSCs with the best QoS values are selected to serve a business process. However, the QoS values are typically used for resolving optimized RSCs rather than for discovering the bottleneck of RSCs, which is to identify the key RSCs in each of which the upstream resource services have a great influence on the downstream ones. For example, the quality of a product design scheme has a great influence on the cost of the final product. The key RSCs should be of concern since they are important for the success and efficiency of a business process. If all the key RSCs are found for a business process, this can greatly support decision making for enterprises.
As the set of QoS attributes, i.e., features, is a basis of a key RSC, it is most important is to identify the Key Feature Sequence (KFS). In a key feature sequence, the feature of a preceding IIoT resource service has a great influence on the feature of its succeeding ones, whether directly or indirectly. For example, if the cost of a final product changes greatly with the ordering cycle of some raw materials, the preceding feature ordering cycle of the resource raw material and the succeeding feature cost of resource product should be given more attention. Therefore, our problem is to identify the KFSs of an RSC and identify the key RSCs in a business process. This problem is called KFSR-IIoT (Key feature Sequence of IIoT Resource Service Chain). We use collaborative manufacturing as an example to discuss KFSR-IIoT in this article. To solve the problem, the proposed approach is called the AKFSR-IIoT (Algorithms for Key Feature Sequence of IIoT Resource Service Chain). The main goal of the AKFSR-IIoT is to resolve all the KFSs of RSCs in a business process in IIoT and then resolve the key RSCs.
The remainder of the article is organized as follows. In Section II, a survey of related work is presented, and the relative pros and cons of different related approaches are discussed. In Section III, by analyzing RSC and its feature sequence, a mathematical description of the problem is presented. In Section IV, IIoT resource service modeling is introduced to obtain all the RSCs associated with a workflow. In Section V, some algorithms are presented to resolve DIs of any two adjoining features in a feature sequence and then resolve all the key feature sequences. The evaluation criteria, the design of the experiments and the results are presented in Section VI. Finally, in Section VII, a summary and a discussion of future work are presented.
II. RELATED WORK
The Industrial Internet of Things integrates the key technologies of industrial communication, computing, and control, and is providing a new way for a wide range of manufacturing resources [1] . The existing research interests are widely, including security in IIoT [6] , [7] , mobile edge computing in IIoT [8] , fog computing [9] , etc. For resource management, in [10] , an approach was presented to deal with manufacturing resource failure through raw data aggregated by IoT devices. In [11] , to resolve the problem of resource and QoS-aware services' optimal composition (RQ-SOC), the improved artificial bee colony (ABC) algorithm is proposed.
In IIoT, for a collaborative task, as each participating organization selects resource services relatively independently, the selection of resource services becomes inefficient. The selection of resource services for composition, as an important approach to improve efficiency, is widely used [4] , [12] - [14] .
A variety of methods for resource (service) selection have been recently proposed for collaborative tasks. Although the methods are different, the purpose of them all is selection for composition, including frequent RSC based [4] , adaptive chaos based [12] , QoS based [13] and case library based [14] methods. QoS values are used for optimization in [12] , [13] , and [15] .
Feature selection is an important technique, which includes selecting a small subset of informative features that contain most of the information related to a given task. Feature selection aims to distinguish the discriminative features. In [16] , a cost-sensitive method for feature selection is proposed as it is believed that different features may have different costs. Feature selection is popularly used to lighten the processing load in inducing a data mining model. In [17] , a novel lightweight feature selection is proposed for mining streaming data. In [18] , a mutual information based feature selection algorithm is proposed to handle linearly and nonlinearly dependent data features. In addition to these methods, unsupervised and supervised feature selection are VOLUME 6, 2018 required techniques. In [19] , an unsupervised approach is proposed in which top-ranked features are extracted by optimizing an objective function. In [20] , a supervised aggregative feature extraction methodology is proposed to support nonlinear predictive models.
To select a feature sequence, objects are usually selected in a sequential order, which is called the problem of feature sequence selection. The QoS attributes, as features, are selected as sequences. In [15] , the proposed method uses the values of the QoS attributes to optimize a service sequence. QoS is usually required for composable QoS aware services in IoT [21] and industrial networks [22] . In [23] , a novel feature-based approach is proposed to assess the trust behavior of a service. Trust behavior is represented as a sequence of trust observations. In [24] , a generic process sequencing approach is proposed to process information of machining features. In [25] , a reachability based method for machining feature sequencing is proposed, which aims to reduce the number of tool changes and meets specific machining requirements. In [26] , a feature sequence model based on a discrete hidden Markov model is presented for star identification.
In addition to these methods, some feature-based methods are proposed to identify certain influences of objects, especially in high-dimensional data processing. In the social network area, a fine grained feature-based social influence evaluation model is proposed to identify all users' social influences [27] . In software systems detecting, an approach for engineering self-adaptive software systems is proposed to learn the changing dynamics of the system [28] . In a customizable web service, a feature-based framework is proposed to dynamically determine variants of the service and provide customers with a much simpler way to customize an atomic service [29] .
In addition to the areas mentioned above, feature-based methods are used in other areas. For instance, in communications [30] , a feature selection technique is used to highlight disturbances related to the field of power quality. In medical treatment [31] , a method based on a pseudo feature is proposed to measure blood pressure. In pattern recognition, feature-based recognition models are usually used for computer vision [32] and image recognition [33] . In energyconsumption [34] , a new method is proposed to construct temporal features for the clustering of load curves. In machine fault diagnosis [35] , a novel dimension reduction algorithm is proposed for feature selection.
As described above, the current works on feature selection mainly focus on the problem of pattern recognition and optimization. However, for collaborative tasks in IIoT environment, methods are required for analyzing an RSC based on the feature sequence.
III. PROBLEM FORMULATION A. ANALYSIS OF RSC AND FEATURE SEQUENCES
In an industry, there are various resources used by business processes. For example, in manufacturing, there are many categories, such as hardware resources, software resources, technological resources and human resources, etc. As the form of manufacturing resources is heterogeneous, supported by service computing and the Internet of Things (IoT), all IIoT resources are encapsulated as resource services. Actual IIoT resources are constantly consumed and produced in their respective enterprises. Although resource services are geographically distributed, they can be integrated into a workflow in a service platform. For convenience, IIoT resource service is called resource service.
During workflow execution, distributed resource services can be invoked or used. Therefore, along with a workflow, the resource services form one or more sequences. As shown in Fig. 1 , a 1 is the activity general design; a 2 is the activity hardware design; and r 1 , r 2 , r 3 and r 4 are the resource services. Resource service r 1 is the product project, r 2 is the chief designer, r 3 is the general design scheme that is produced by activity a 1 and consumed by activity a 2 , and r 4 is the hardware designer. There is a sequence between the set of resource services {r 1 , r 2 } and {r 3 , r 4 }. Similarly, there is a sequence between the set of resource services {r 3 , r 4 } and its succeeding set {r 7 , r 8 , r 9 }. The sequence of resource services is called an RSC. Formally, an RSC can be defined as follows.
Definition 1 (RSC):
In a workflow, a resource service chain is a sequence of resource services, denoted as rsc =< r 1 , r 2 , . . . , r m >, where r i ∈ R i , and R i is a set of resource services used by the activity a j , 1 ≤ i ≤ m, 1 ≤ j ≤ n, m ≤ n, m is the length of rsc, and n is the amount of activities.
Given a workflow, as shown in Fig. 1 , there are ten sets of resource services, including R 1 = {r 1 , r 2 }, R 2 = {r 3 , r 4 }, R 3 = {r 3 , r 5 }, R 4 = {r 3 , r 6 }, R 5 = {r 7 , r 8 , r 9 }, R 6 = {r 10 }, R 7 = {r 11 , r 12 , r 13 }, R 8 = {r 9 , r 13 , r 14 }, R 9 = {r 3 , r 13 , r 15 , r 16 , r 17 }, and R 10 = {r 18 , r 19 }. There are many RSCs, including rsc 1 =< r 1 , r 3 , r 7 , r 10 , r 11 , r 3 , r 18 >, rsc 2 =< r 2 , r 3 , r 7 , r 10 , r 11 , r 3 , r 18 >, etc.
Most of the resource services have properties, which are often used to evaluate their QoS. The properties represent the features of the resource services. The number of features a resource service has depends on the requirement of the enterprises. For example, material, as a resource service, has some important features, such as purchasing cycle, cost, percent of pass, etc. In an RSC, all features of resource services form sequences, called feature sequences. Formally, a feature sequence can be defined as follows.
Definition 2 (Feature Sequence): For a resource service chain rsc =< r 1 , r 2 , . . . , r n >, the feature sequence of an rsc is denoted as fs = f 1 → f 2 , . . . , → f m , where f i ∈ F i , and F i belongs to resource service r i, 1≤ i ≤ m, 1≤ j ≤ n, m ≤ n;m and n are the length of the feature sequence and RSC, respectively, → represents a temporal order between two features.
In a feature sequence fs, if the length of the feature sequence is less than the length of the RSC, i.e., m < n, some resource services have no features. Whether a resource service has features depends on the demand of analysis or the requirement of enterprises. For example, resource service r 2 is the chief designer, r 3 is the general design scheme, and r 10 is the configuration scheme of part, as shown in Fig. 1 . An RSC < r 2 , r 3 , r 10 > is a sub sequence of the whole RSC < r 2 , r 3 , r 10 , r 11 , r 13 , r 18 >. Feature f 1 , f 2 , and f 3 are customer satisfaction, credibility, and cost, respectively, and belong to resource service r 2 , r 3 , and r 10 . Therefore, along with < r 2 , r 3 , r 10 >, there exists a feature sequence f 1 → f 2 → f 3 .
B. PROBLEM STATEMENT
Among all the feature sequences of an RSC, if a feature subsequence exists in which any feature has a great influence on the succeeding feature, adjacent or nonadjacent, the feature is called a KFS (key feature sequence). The ''influence'' means that a feature value fluctuates with changes in another feature value. For example, the feature customer satisfaction of resource service chief designer may influence the feature cost of resource service configuration scheme of part. If the influence is great enough to reach some extent, this type of feature value should be in focus. We use degree of influence to measure and evaluate the extent to which one feature influences another. We define the degree of influence as follows.
Definition 3 (Degree of Influence): Let f i and f j be the features of any two resource services; the degree of influence represents the level at which the change of f i values has an influence on the change of feature f j values, denoted
The KFS is defined as follows.
Definition 4 (KFS): Given a feature sequence fs
. . , → f l is a key feature sequence of fs if the following two conditions are satisfied: 1) feature sequence fs is the subsequence of fs, i.e., for any feature f i , f j (1 ≤ i ≤ l, 1 ≤ j ≤ l) infs , they keep the same relative order as sequenced in fs; and 2) in feature subsequence fs , for any feature f j , 1 < j ≤ l, there exists a preceding feature f i (i < j) which has a great degree of influence DI (f i → f j ) on it.
Given an RSC associated with a workflow, the problem we are interested in is to identify the KFSs to discover the bottleneck of using an RSC and provide decision support for optimizing business processes. We call this problem the KFSR-IIoT (Key Feature Sequence of IIoT Resource Service Chain).
IV. MODELING RSC ASSOCIATED WITH A WORKFLOW
Distributed resource services are used by a workflow on a collaborative task platform. Along with the workflow execution, all resource services are orchestrated as one or more service flows, i.e., RSC, as in the above analysis. Therefore, an analysis of the temporal order between resource services is required for an RSC to be fitted well with a workflow.
To obtain all RSCs from a workflow, there are many approaches, such as mining based [12] and temporal dependency based [4] approaches. In AKFSR-IIoT, the topology of a workflow model is introduced to obtain an RSC since the topology of an RSC can be derived from the topology of a workflow model directly. A workflow model WfM can be described as a directed acyclic graph WfM = (V , E), in which V is a set of nodes representing activities, V = {a i |1 ≤ i ≤ n}, and E is a set of directed edge representing a temporal order between two activities. For example, at the top of Fig. 1 , there are 14 activities all together. A model of the resource service (RSM) should be established to describe all the RSCs. RSM can be defined as follows.
Definition5 (RSM):
A resource service model associated with a workflow model WfMcan be described as a directed acyclic graph RSM = (Vs, Es), where Vs is a superset representing resource services, Vs = R 1 ∪ R 2 ∪ . . . ∪ R n , R i is a node used by activity a i , a i ∈ V in WfM, and Es is a set of directed edges representing a temporal order between two resource services.
For an RSM , Es is not a subset of E because not all activities in a workflow model need resource services. Two steps can be followed to transform a WfM to an RSM .
Step 1: replace set V in WfM with setVs in RSM and replace set E in WfM with setEs in RSM.
Step 2: remove the nodes that are not using any resource service from Vs and replace them with directed edges.
For example, in the workflow model, all activities except a 3 use resource services, as shown in Fig. 2 . In the last topology of RSM, the node associated with activity a 3 is removed, and there is a direct line from node R 1 to R 4 .
After the transformation, RSCs can be obtained from RSM. An RSC is a path from the start node to the end node. As shown in Fig. 2 , there are two RSCs, < R 1 , R 2 , R 3 , R 5 > and < R 1 , R 4 , R 5 >. This is a typical graph traversal. The algorithm is omitted here as it is simple.
V. DEGREE OF INFLUENCE BASED KFS SELECTION A. ANALYZING DEGREE OF INFLUENCE
The degree of influence is used to measure the extent to which the change of one feature influences another, as described in Definition 3. The rate of change is generally used to describe the extent to which a dependent variable is changed with a change in an independent variable in mathematics. The greater the rate of change, the higher the degree of influence. Conversely, the lower the rate of change, the lower the degree of influence. Therefore, given resource services r 1 , r 2 , and their features f i , f j , the rate of change is used to measure the degree of influence DI (f i → f j) , as shown by the following formula.
where f i (t) is the feature at time t. Because a workflow execution is a workflow instance of a model, DI (f i → f j) should be calculated instance by instance. Thus, feature f i , f j in DI (f i → f j) must belong to the same workflow instance, and time t is introduced to distinguish different workflow instances. This representation can be applied to another situation if there are more than one pair f i → f j in a workflow instance.
There may be a wide variation of DI (f i (t) → f j (t)) on the time axis. As the development of a real business generally levels off during a period of time, the degrees of influence remain within a relatively stable range of variation regardless of whether the degree of influence is high or low.
For example, the degrees of influence change with time, as shown in Fig. 3 . The degrees of influence have two stable ranges of variation from time 1 to 6 and from time 9 to 15 on the time axis. By averaging the degrees of influence values, comparing the average degrees of influence in the two ranges reveals that it is higher in the later. Although the degrees of influence are the highest from time 7 to 8, the duration of time is short. Therefore, given feature f i , f j of resource service r i , r j , the degree of influence DI (f i → f j) should satisfy a high value, low variation and long duration on the time axis. As an approach to solving the problem, KFSR-IIoT is used to identify the KFSs in each of which any adjacent two features satisfy this condition.
Before resolving the KFSs of an RSC, the feature values should be normalized into numbers between 0 and 1, so that it is convenient to analyze and compare data. The following formula is used to normalize a feature value.
where f min and f max are the minimum and maximum feature values of f i , i = 1, 2, . . . , n, and n is the number of feature values. Given a set of workflow instances normalized by (2), the features are all mapped into numbers between 0 and 1. For simplicity, f i is still used to represent its normalized value in the remainder of the article.
B. SOLUTION FOR KFS BASED ON TIME SERIES
Following a workflow model, there are many workflow instances in business data. As we are interested in
Algorithm 1 MaxStableDI
Input: DISet = {DI (f i (t) → f j (t)) |t = 1, . . . , n}, DI-time series of feature f i and f j Thvr, threshold of variation range Output: avgDI, the average DI with the max-length time series and less than the threshold for variation range ratio, the ratio of the max-length time series to n 1: DIDiff ← ∅; //difference series of two adjoining DIs 2: 
)| /length; // calculate the average DI in the sub-series from R to L 14: ratio←length / n; 15: returnavgDI, ratio identifying KFS for a business process, a time series should be considered in the solution. Thus, to resolve the degree of influence DI (f i → f j) , features f i and f j must be selected from the same workflow instance. Otherwise, the resolved degree of influence is useless and disorderly.
In a resolved KFS, given any two adjoining features f i and f j , the DI of f i → f j should have a high value, low variation and long duration on the time axis as mentioned in the last section. Therefore, the optimal solution satisfying these conditions should be searched for in a time series. An algorithm MaxStableDI is presented to calculate DI (f i → f j) for two adjoining features f i and f j .
In algorithm MaxStableDI, function CalcRange is called. The algorithm CalcRange is presented as follows to find a sub-series, in which all elements are less than the threshold of variation rangeThvr. The time complexity of MaxStableDI is O((n − 1) * m/2), where n is the length of the DI-time series, and m is the length of its sub-series with a minimum value of 1 and a maximum of n, depending on the algorithmCalcRange.
For example, there are 20 DIs in a time series as shown in Fig. 3 . If the threshold of the variation range is 1.0, the time series with a low variation and long duration on the time axis is 1, 2, 3, 4, 5, 6. The average of DIs is 1.883. If the threshold of the variation range is raised to 2.0, the time series with a low variation and long duration on the time axis is 9, 10, 11, 12, 13, 14, 15. The average of DIs is 5.0. The selection of a threshold depends on the experience of the business. However, first, low variation is ensured, and then, the value of DI is selected to be as high as possible.
C. RESOLVING KFS
Based on the aforementioned algorithms, given a feature sequence of a resource service chain, KFSs can be selected. For this purpose, an algorithm CalcKFS is presented to resolve KFSs.
In algorithm CalcKFS, each pair of adjoining features in a feature sequence fs = f 1 → f 2 , . . . , → f m is traversed. The time complexity of CalcKFS is O(m), where m is the length of the feature sequence fs.
For example, given an rsc =< R 1 , R 2 , R 3 , R 5 >, as shown in Fig. 2, let 
The thresholds of the variation range for each pair of features f i → f i+1 are not required to be the same; thus, they are flexible enough to be set up by users.
D. SYNTHESIS OF DI FOR AN RSC
In general, there are more than one feature belonging to a resource service; thus, there may be many feature
Algorithm 3 CalcKFS
Input: rsc =< r 1 , r 2 , . . . , r n >, a resource service chain fs = f 1 → f 2 , . . . , → f m , a feature sequence of rsc in a segment of a business process data ThDI, the threshold of DI Output: KFSSet, the set of KFS from fs 1: KFSSet←fs; //initial with a full feature sequence 2: for each f i → f i+1 in fs do 3: input Thvrfor f i → f i+1 // threshold of variation range for each pair of features.
4:
avgDI ← MaxStableDI(DISet, Thvr)
if avgDI < ThDI then remove f i → f i+1 from KFSSet; //remove each pair of features which is less than the threshold of DI. 6: end for 7: returnKFSSet sequences for an RSC. Enterprise users are concerned with the degree of influence between resource services. Specifically, the concern is the influence an upstream resource service has on its downstream ones. Therefore, the degree of influence between resource services must be measured.
Given an RSC rsc =< r 1 , r 2 , . . . , r n >, there is a set of KFSs KFSSet. For any sub-RSC < r i , r i+1 >, there are L subsequences in KFSSet, denoted as KFS i = {f i,j → f i+1,j |1 ≤ j ≤ L}, where f i,j , f i+1,j are features of resource service r i , r i+1 , respectively. DIr (r i → r i+1 ) is the degree of influence an upstream resource service r i has on the downstream resource servicev r i+1 . In actuality, DIr is a synthetic DI of feature sequences and is measured by the following formula.
where α is a weight, measured by the following formula.
In (4), ratio is resolved by the algorithm MaxStableDI. For an RSC, the larger the length of its feature sequence, the greater the synthetic DI. This type of RSCs in a business process is called a key RSC, which should be the first consideration in resource service selection. The degree of influence for an RSC rsc =< r 1 , r 2 , . . . , r n > is measured by the following formula.
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VI. PERFORMANCE EVALUATION DEGREE A. EXPERIMENTAL SETUP
To evaluate the effectiveness of the proposed algorithm AKFSR-IIoT, a collaborative task is used as a typical case to carry out the experiment; the collaborative design and manufacturing processes of the electrical apparatus are shown in Fig. 1 . There are 5 enterprises to fulfill an order by a collaborative business process, including product designing, parts supplying, hardware manufacturing, machine manufacturing and product assembling. There are 14 activities, denoted as a 1 ∼ a 14 , including general design, hardware design, software design, etc. Every activity uses one or more resource services, as shown in table 1. All features of resource service r 1 ∼ r 19 are shown in table 2. In the experimental data set, there are 3000 workflow instances for the workflow model shown in Fig. 1 . A part of the feature values is taken from a design company. We automatically generate the remaining part. The experiment has the following three steps: 1) obtaining the RSCs from the workflow model; 2) resolving the DIs of two features between two adjacent resource services; and 3) resolving KFSs and the synthetic DIs of an RSC.
Step 1: Obtaining the RSCs from the workflow model. According to the workflow model, as shown in Fig. 1 , there are six RSCs altogether if the sets of resource services are considered, including 6 , R 7 , R 9 , R 10 > and < R 1 , R 4 , R 6 , R 8 , R 9 , R 10 >. In actuality, there are 1100 RSCs if all resource services in any set R i are considered. Among them, the three RSCs RSC 1 =< r 1 , r 4 , r 9 , r 10 , r 14 18 > as an example, algorithm 1 and 2 are applied. The DIs of any two features between two adjacent resource services are shown in tables 3, 4 and 5.
Step 3: Resolving KFSs and the synthetic DIs of an RSC. A threshold for the variation range is chosen as 40, and then algorithm 3 is applied to resolve KFSs. In algorithm 3, if a threshold for DI is chosen as 2.5, the resolved KFSs of the RSC RSC 1 , RSC 2 and RSC 3 are, respectively, shown in tables 6, 7 and 8.
Based on the resolved KFSs, the synthetic DIs of RSC RSC 1 =< r 1 , r 4 , r 9 , r 10 , r 14 of influence. Furthermore, in RSC RSC 2 , resource service r 7 has the greatest influence on r 10 . This should be especially concerning.
B. RESULTS AND DISCUSSION
To further prove the validity of the approach, two comparisons are carried out as follows: 1) the changing trend of KFSs with different thresholds of DIs and 2) a comparison with similar research.
To compare the changing trend of KFSs, different thresholds of DIs are chosen. To make the data easier to understand, a direct graph is used to visualize all the KFSs of an RSC. In a KFS graph, nodes represent the features, and edges represent the temporal order between two features. DIs are placed on the edges. Let the variation range be 40; the thresholds of DIs are chosen as 2.5, 2.7, 2.9 and 3.0. Fig. 4 and Fig. 5 . They have the same trend; the greater the threshold of DIs is chosen, the fewer KFSs an RSC has. The trend proves that the proposed algorithms are reasonable.
The most similar research to ours is [15] . Although its approach CASP is different from AKFSR-IIoT, the purposes are the same, which is to improve the efficiency of service selection. Because reducing the scope of candidate services is generally a practical method to improving the efficiency of service selection, the scope of candidate services is taken as an indicator, which is used to compare CASP and AKFSR-IIoT.
The comparison is designed as follows. The experimental data set adopted is the same as above. With AKFSR-IIoT, a set of candidate RSCs is obtained by calculating KFSs from the business data. With CASP, as the QoS correlations between services should be considered, let the DI be 1 if there is a correlation between services or let it be 0. To explore different DIs under varying numbers of correlations, ratios of correlations, instead of setting the numbers one after another, are set because of the large scale of data. The ratio is the number of correlations between two services to the total number of service-pairs in all possible service sequences. The ratios are defined as 20%, 30%, 40%, 50%, 60%, 70%, 80% and 90%, to which the numbers of the candidate RSCs between AKFSR-IIoT and CASP are compared. To compare adequately, four experiments are used, in each of which the thresholds of DIs are set separately for AKFSR-IIoT and CASP. However, the same strategy is used for them, as shown in the following formula.
In (6), DI max is the maximum of DIs, DI min is the minimum of DIs. Let coefficient be 0.5, ThDI is the intermediate value betweenDI max and DI min . In the four experiments, let The four experiments follow the same trend. By AKFSR-IIoT, the number of candidate RSCs can maintain a reasonable and stable scale. By CASP, more correlations can increase the number of candidate RSCs. However, when the ratio of correlations is 20% or below 20%, the number of candidate RSCs by CASP is less than by AKFSR-IIoT. This is because too few correlations cannot provide more influence relationship between upstream services and downstream ones. In this case, users have to select services from all possible services. When the ratio of correlations increase more, the number of candidate RSCs resolved by CASP is more than by AKFSR-IIoT. However, too much candidate RSCs will cause the difficulty of service selection.
The comparison draws the same conclusion when ratio of correlation is 50%, as shown in Fig.7 .
By comparison, AKFSR-IIoT can keep candidate RSCs in a reasonable scale. The approach not only can improve the efficiency of service selection, but also can discover bottlenecks of business processes, so that organizations can improve the business processes timely and continuously. 
VII. CONCLUSIONS
The selection of RSCs is important for business processes or composition in collaborative task systems in IIoT. In this article, an approach AKFSR-IIoT is proposed to identify the KFSs from an RSC and then obtain the key RSCs. As candidate RSCs, AKFSR-IIoT serves the purpose of improving the efficiency of IIoT resource service selection. As the trend of business processes constantly changes with markets and competition, the KFSs may not be static. Therefore, the AKFSR-IIoT is a more practical approach to address change. Recommended future work includes detecting the changes of business processes in collaborative task systems.
